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Abstract

Efforts to intercompare many existing circulation type classification (CTC)
methods have found no consistency in their outcomes. Therefore, when con-
fronted with a task to classify atmospheric circulation types, it is difficult to
find clear guidelines. This study explores the ways of increasing consistency
between existing methods and obtaining physically meaningful and practically
useful results. By applying a range of CTC methods to sea-level pressure fields
over a Scandinavian domain, it is shown that CTC methods using the same
similarity measure (pattern correlation (CORR) or Euclidean distance (DIST))
have higher consistency. It is further shown that CTC outcomes can be tailored
towards specific user requirements by properly manipulating the input data.
Using unprocessed input data in DIST-based CTC methods frequently results
in classes containing physically inconsistent members because the classifica-
tion procedure is obfuscated by circulation-irrelevant information in the data.
Using spatially standardized data in DIST-based methods leads to considerably
improved agreement with CORR-based methods and brings high physical con-
sistency within the individual classes. However, standardizing the input data
removes too much of the circulation-relevant information and results in no
clear improvement in partitioning dependent variables such as precipitation.
Best performance is achieved with DIST-based methods using the input data
with the spatial mean removed. This simple procedure focuses the CTC
methods to use only the circulation-relevant information and hence results
both in physically consistent classes and in optimally performing partitioning
of dependent variables. Consequently, the recommended guideline would be to
use DIST-based methods with spatial-mean-removed input data as the gener-
ally most effective classification approach.

Abbreviations: ARI, adjusted rand index; CORR, pattern correlation; CTC, circulation type classification; DIST, Euclidean distance; DJF, December—
February; EV, explained variation; EV-bin, 'binarized' explained variation; GPH, geopotential height; GWT, Grosswetter types; PR, precipitation;
SANDRA, simulated annealing and diversified randomization; sanom, field with spatial mean subtracted; SD, standard deviation; SD-Occ, SD of
occurrence; SLP, sea level pressure; SMHI-LENS, Swedish Meteorological and Hydrological Institute large ensemble; sstand, spatially standardized
field; T, 2-m temperature; tanom, temporal anomaly; Tdiff, difference in 2-m temperature between two consecutive days; Tmax/Tmin, maximum/

minimum 2-m temperature; TSS, total sum of squares; U850, wind speed at 850 hPa; WSS, within-type sum of squares; xtrm, extreme.
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1 | INTRODUCTION

The large-scale atmospheric circulation is one of the most
important factors influencing weather and climate condi-
tions on different timescales. Its short- and long-term
changes considerably determine both mean and extreme
values of surface parameters like temperature or precipi-
tation rates. To assess the variability of atmospheric cir-
culation states it is often useful to condense its main
aspects into a reasonably small set of dynamical situa-
tions. Circulation type classification (CTC) is often used
for this purpose, and a wide range of CTC methods exist
to classify mostly sea level pressure (SLP) or geopotential
height (GPH) fields into characteristic circulation types
(Philipp et al., 2010). These methods take, for example, a
time series of daily spatial fields and then try to find ‘sim-
ilarities’ between them to decide which fields can be
grouped together in one of a desired number of classes.

Individual circulation patterns (i.e., SLP or GPH fields)
are assigned to specific classes following two principles: that
the members in one class are similar to each other and the
class average, and that they are dissimilar to members and
averages from all other classes. The measures used to quan-
tify these similarities vary between CTC methods, and the
most commonly used are the Euclidean distance (DIST;
e.g., Philipp et al. (2007); Michaelides et al. (2007); Sheridan
and Lee (2011)) and the pattern correlation coefficient
(CORR; e.g., Lund (1963); Kirchhofer (1974); Beck (2000)).
Another way involves fuzzy-logic methods (e.g., Bardossy
et al., 2002); however, this is less common in the CTC con-
text in atmospheric sciences and will not be discussed here
further.

High CORR (i.e., similarity in terms of CORR) is gen-
erally found between patterns that look similar to the eye
of an observer. On the other hand, two fields defined as
similar based on a small DIST could look quite different
to the naked eye. It might be counterintuitive and some-
times even questionable if it is desired to have fields
grouped together in one class that show very different
large-scale or synoptic spatial patterns. To illustrate this
issue, Figure 1 shows example pairs of fields which have
either low DIST (indicating similarity) but low CORR
(indicating no similarity) (Figure 1a,b), or high CORR
(indicating similarity) but also high DIST (indicating no
similarity) (Figure 1c,d). The first pair of days shows
quite diverse pressure patterns that consequently result
in quite diverse local precipitation situations. The second

pair of days, however, shows similar pressure patterns
that go along with similar precipitation fields, although
the pressure magnitudes differ by several tens of hPa,
thus resulting in large DIST.

It can be imagined from the examples above that the
circulation types resulting from CORR-based methods
can look quite different from circulation types resulting
from DIST-based methods. Whether it is reasonable to
group together ‘similar’ circulation patterns as in
Figure la,b or alternatively ‘similar’ patterns as in -
Figure 1c,d will mostly depend on the question of interest
but might sometimes be complex to evaluate.

There is a wide range of existing CTC methods and
choosing the one to apply could present a challenge for a
user. A comprehensive comparison of more than 20 CTC
methods chosen based on their potential applicability to the
European continent is provided by Philipp et al. (2010).
Most of the methods described in Philipp et al
(2010)'s article are implemented in the EU COST733 Action
(Philipp et al., 2010) weather and circulation type catalogue
which comes along with an open-source comprehensive
software package that allows a user to apply the methods to
their own datasets. Following Philipp et al. (2010), these
CTC methods can roughly be divided into two groups: those
that use some kind of predefined circulation types which
the fields are assigned to, and those that derive circulation
types as a result of the process that looks for ‘similarities’
between fields as described above. The first group includes
CTC methods that provide subjectively chosen weather situ-
ations and methods where the fields are assigned to a cer-
tain circulation type based on predefined thresholds or
rules. Generally, this means that there is some expert expe-
rience and knowledge of physical validity behind these
methods, which is not generally the case for the methods in
the second group where the partitioning of fields follows a
certain algorithm. So while the advantages of automated
methods are undoubted, especially in their relatively simple
application to these days' steadily growing data sets, direct
interpretation of their results can be challenging. To allocate
days to a certain circulation type, CTC methods that involve
predefined patterns often use CORR as a similarity mea-
sure, while many of the automated methods use DIST, or
even leave the choice of whether CORR or DIST is applied
up to the user.

Although there is no particular CTC which could be
considered ‘the truth’ (Huth et al., 2007), different CTCs
can be compared with each other and ranked according
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FIGURE 1
2 days that have low Euclidean
distance for SLP, that is, are defined
as ‘similar’, but also low pattern
correlation (CORR = —0.75) for SLP
which can be seen in their apparent

First row: Example of

difference and the opposite gradient
direction. Second row: Example of
2 days that have large Euclidean
distance for SLP, that is, are defined

of Climatology

as ‘dissimilar’, but also high pattern
correlation (CORR = 0.96) for SLP.
Contours show SLP in hPa, colours
precipitation in mm in both rows,
vectors 850 hPa wind in m-s™". Days
are extracted from the climate model
data described in Section 2.2 [Colour
figure can be viewed at
wileyonlinelibrary.com]

to various criteria. As a result of using different classifica-
tion principles and similarity measures, there is low con-
sistency between different methods in terms of their
resulting circulation types. Philipp et al. (2010) have
shown that only two out of the tested 22 methods pro-
duce similar CTC results, which, however, does not imply
that these two methods perform better than the others.
Furthermore, CTCs based on variables related to circula-
tion like SLP are often intercompared with respect to
their ability to partition other dependent variables like
surface temperature or precipitation. Even for this
intercomparison there is no clear outcome about the per-
formance of different methods (Beck and Philipp, 2010;
Casado et al., 2010; Huth, 2010; Tveito, 2010).

In other fields like the data mining community it is
common to use data standardization or normalization
before applying a classification procedure (e.g., Keogh and
Kasetty, 2003). However, the data manipulation is per-
formed rather generally without addressing its potential
physical and conceptual effects. Much more attention is
given to the details of a classification method than to the
data manipulation, particularly when evaluating the per-
formance of different classification approaches. This is also
common in the atmospheric and climate sciences, where
the data manipulation is not frequently reported as an
important step. In cases when it is reported, the most com-
mon approach is to use climatological anomalies
(e.g., Meredith et al., 2018; Smith and Sheridan, 2019).
Some studies use different types of data standardization,
which can be performed on either a spatial or a temporal

10°E  15°E  20°E 0.0
- 15m.s™

domain (e.g., Galambosi et al, 1996; Ochoa-Moya
et al., 2020; Smith et al., 2020). Here we examine different
approaches for manipulating atmospheric circulation
input data (SLP and GPH fields) and their effects on the
CTC performance as well as their physical interpretation.
We compare the effects of data manipulation to the effects
of using different classification methods and show that the
data manipulation alone can have larger effects on the
classification performance than the details of a method.

The purpose of this article is to show that methods
using the same similarity measures have higher consis-
tency. Furthermore, by properly manipulating atmo-
spheric circulation input data the consistency appears
even between methods using different similarity mea-
sures. This finally implies that by choosing a particular
combination of a similarity measure and input data pre-
processing, the user can decide in advance about the gen-
eral characteristics of the resulting circulation types.

2 | DATA AND METHODS
21 | Inputdata
2.1.1 | Climate model data

Analysis in this paper is based on climate model simula-
tions of the recent past performed with the EC-Earth3
global climate model (Wyser et al., 2020; Dd&scher
et al., 2021). An ensemble of 50 members has been run
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for the period 1970-2014 as part of the Swedish Meteo-
rological and Hydrological Institute large ensemble
(SMHI-LENS; Wyser et al., 2021) using perturbed ini-
tial conditions from six historical simulations with
EC-Earth3.3.1-Veg. We have randomly selected one
ensemble member and consider daily winter (December—
February, DJF) data during the 45-year experiment
period. Winter is chosen because circulation types affect
the surface weather and climate more during the winter
months and hence CTCs tend to show generally better
performance (Beck and Philipp, 2010). The region of
interest covers large parts of Scandinavia and is shown
in Figure 1. Circulation types are computed based on
daily means of sea level pressure (SLP) input data over
this domain.

The SMHI-LENS provides a useful testbed for our
study as it allows us to test the results in several climate
realizations (i.e., ensemble members) in an environment
of internally consistent circulation, thermodynamics
and precipitation. The results outlined below have been
tested for robustness to different ensemble members,
seasons, regions and input variable (850 hPa geo-
potential height), and also to using year-round rather
than single-season daily fields. We briefly refer to these
tests in Summary and conclusions.

2.1.2 | Input data modification

As mentioned above, the most commonly used similarity
measures in CTC methods are CORR and DIST, and they
generally result in considerably different outputs. How-
ever, these measures can be connected after a simple
modification of the input data. First, consider that spa-
tially standardizing the data implies subtracting the spa-
tial mean and dividing by the spatial standard deviation
(SD) (e.g., Wilks, 2011). Second, note that CORR (r) by
definition always uses standardized data and can be writ-
ten as:

1< Xi—X\ (yi—Y 1< * ok Ca
V) =— —_— | =— LY. = s 1
rxy)=- ( . )( o n;:lxlyl r(xy) (1)

where X and y are the respective spatial means of the two
fields x and y, o, and o, are the spatial SDs, n is the num-
ber of data points and x and y~ denote the standardized
versions of the fields. Furthermore, DIST (d) for stan-
dardized data can be expressed as:

@'y =Y (q v =0 )+ 00) -2) Xy
i=1 i=1

(2)

n n
where 3 (x)°=>_ (y/)*=n. Combining Equations (1)
i=1 '

i=1

and (2) we get (e.g., Berthold and H6ppner, 2016):

d*(x",y")
2n

r(xy)=1- (3)

Note from Equation (1) that CORR-based methods
are invariant under data standardization. Additionally,
Equation (3) suggests that DIST-based methods, provided
that they are applied to standardized data, could result in
similar circulation types as CORR-based methods. Here we
explore this possibility with the goal of finding potential
agreement between what is generally considered as differ-
ent methods that result in dissimilar circulation types.

An SLP field can be described using three compo-
nents: spatial pattern (i.e., geometrical shape or orienta-
tion of isolines), spatial SD and spatial mean. The process
of spatial standardization implies a considerable modifi-
cation of the input data because it retains only the spatial
pattern. To assist with the terminology and understand-
ing of processes, we examine the SLP field also through
the circulation framework, since the large-scale circula-
tion (i.e., the wind vector) is proportional to the SLP gra-
dient. Dividing the input data by the spatial SD limits the
spread of values around the mean. The gradient of
the standardized SLP field is naturally also scaled by the
spatial SD, which similarly limits its magnitude. As a
result, the standardized data loses the information about
the overall gradient magnitude, implying that two SLP
fields with originally very different gradient magnitudes
(and hence likely dissimilar according to DIST) can
become very similar after standardization provided their
spatial patterns are similar. The spatial SD can thus be
regarded as a proxy for the overall gradient magnitude.
On the other hand, the spatial mean of the SLP field does
not have a counterpart in the circulation framework
since it is a constant and is eliminated through the differ-
entiation when the gradient is calculated. This suggests
that the SLP spatial mean could be considered as not rel-
evant for the circulation. As a result, if the spatial mean
is not removed from the input data, this circulation-
irrelevant information will affect the CTC outcome.

Since the standardization removes the overall gradi-
ent magnitude, and the original data contains the spa-
tial mean which is not an important circulation
component, it is of interest to examine the effects of
keeping the entire gradient information, both direction
and magnitude, while removing the spatial mean.
Therefore, we perform an additional CTC based on SLP
data where only the SLP spatial mean is subtracted, an
approach that has also been used by, for example,
Smith et al. (2020).
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Finally, we also use temporal anomalies as input to
CTC methods. Anomalies from long-term daily climatol-
ogies are often applied to account for seasonal dependen-
cies of the input variables (Beck and Philipp, 2010;
Meredith et al., 2018), and we show what can be expected
from this kind of data manipulation compared with the
other approaches as described above.

In summary, four types of SLP input data are used in
the subsequent analysis:

1. Original data, containing all the information (hereaf-
ter: base).

2. Data with spatial mean removed (i.e., spatial anoma-
lies), containing the information about the spatial pat-
tern and gradient magnitude (hereafter: sanom).

3. Spatially standardized data, with spatial mean and SD
removed, containing only the information about the
spatial pattern (hereafter: sstand).

4. Temporal anomalies, with the daily climatological
long-term mean removed (hereafter: tanom).

2.2 | CTC methods

From the large variety of existing CTC methods we focus
on two in this study that serve to represent the group of
predefined methods on one side and of automated
methods on the other.

The first method of choice is the Grosswetter types
(GWT) classification (Beck, 2000; Beck et al., 2007). GWT
is based on the idea that the main controlling factors of
the mid-latitude climate can be reduced to three basic flow
fields, which again can be traced back to the generaliza-
tion of the subjective Central European Grosswetterlagen
classification (Hess and Brezowsky, 1952; Gerstengarbe
and Werner, 1999). Hence, GWT is based on expert experi-
ence, and as such ensures a physical soundness. The three
predefined prototype fields include an idealized zonal flow
field with values increasing from north to south, an ideal-
ized meridional flow field with values increasing from
west to east, and an idealized cyclonic field. For each input
field, CORR is computed with each of the three proto-
types, and based on these coefficients and their combina-
tion, the field is assigned to a certain class. Since there is
only a limited number of combinations, not all numbers of
classes can be computed. For example, the set of 10 GWT
classes consists of eight fields showing the main wind sec-
tors (N, NE, E, SE, ...) in addition to one purely cyclonic
and one purely anticyclonic class. By breaking down com-
plex large-scale situations to a very simplified set of fields,
the 10 GWT classes provide an intuitive way of CTC that
can be applied to any region of interest (see, e.g., Beck
et al. (2014); Broderick and Fealy (2015); Stryhal and

of Climatology

Huth (2017)). Other numbers of classes include mixed
fields between the pure directional and (anti-)cyclonic
fields. We use 10 classes for the majority of illustrations,
while when evaluating the quality of data partitioning, we
additionally consider the other numbers of classes that are
possible in GWT: 8, 11, 16, 18, 19, 24 and 26 (see
Beck, 2000; Beck et al., 2007).

The second method of choice is the simulated
annealing and diversified randomization (SANDRA) clas-
sification scheme (Philipp et al., 2007). SANDRA is based
on conventional k-means clustering but has been shown
to overcome many of the limitations of this and other
established automated clustering methods while at the
same time being less numerically expensive. The process
of simulated annealing allows fields to be temporarily
assigned to certain classes even though this assignment
might result in a temporary decrease of the overall data
partitioning quality. In SANDRA, simulated annealing is
repeated a large number of times under the concept of
diversified randomization which means that the starting
classes as well as the ordering of input fields are being
randomized throughout the iterative process of checking
and reassigning (Philipp et al., 2007). When convergence
is reached at the end of this process, the resulting set of
classes is closer to the ‘global optimum’ than, for exam-
ple, in standard k-means clustering. Good or even supe-
rior performance compared with other CTC methods has
been shown for certain applications (e.g., Philipp
et al., 2007; Beck and Philipp, 2010; Philipp et al., 2016;
Jacobeit et al., 2017; Vallorani et al., 2018; Zhang
et al., 2018), and therefore unsurprisingly, the SANDRA
method has become a widely used CTC alternative to pre-
viously established methods over various domains
(e.g., Jacobeit et al., 2009; Kuettel et al., 2011; Murawski
et al., 2016; Meredith et al., 2018). Any desired number of
classes can be computed using SANDRA, but for consis-
tency we use the same numbers of classes as in GWT.

The GWT classification method is based on CORR to
prototype fields, while assignment of fields to classes in
SANDRA is based on DIST. We have used more CTC
methods from the COST733 software package which are
either based on CORR or DIST to analyse their general
(dis-)similarities. These methods will be mentioned only
briefly here; for more detailed information, the reader is
referred to the respective references given. The CORR-
based methods investigated in this study are the
Kirchhofer method (KIR; Kirchhofer (1974); Blair (1998))
and obliquely rotated Principal Component Analysis in
T-Mode (PCT; Huth, 1993); the DIST-based methods that
are used include self-organizing feature maps (SOM;
e.g., Michaelides et al. (2007); Sheridan and Lee (2011))
and a randomized classification (RAC; see Philipp
et al., 2016). For two CTC methods, namely k-means



International Journal RMetS

HANSEN anp BELUSIC

of Climatology

(KMN; Murtagh, 1985) and k-medoids (KMD; Kaufman
and Rousseeuw, 1990) clustering, the user can choose
whether CORR or DIST is used as the similarity measure,
and for comparison we make use of both options.

We use daily winter (DJF) SLP data as input for the
CTCs, either unmodified (base) or processed in one of
the three ways outlined above (sanom, sstand, tanom).
The input data type name is appended to the CTC
method name for the final terminology used below
(e.g., SANDRAbase, SANDRAsanom, SANDRAsstand
and SANDRAtanom).

2.3 | Comparison measures
2.31 | Direct comparison of CTC:
Adjusted Rand index

We use the Rand index (Rand, 1971) adjusted by Hubert
and Arabie (1985) (Adjusted Rand index; ARI) to evalu-
ate the similarity between results from different CTC
methods and from different input data types. The ARI is
based on the classification catalogue, that is, the time
series of class numbers. It quantifies co-occurrence of
pairs of days between two different CTCs, CTC1 and
CTC2. Following Steinley (2004), there are four options
for classification of a pair of days: (a) Days in a pair
belong to a single class in CTC1 and to a single class in
CTC2, (b) days in a pair belong to a single class in CTC1
and to two different classes in CTC2, (c) days in a pair
belong to two different classes in CTC1 and to a single
class in CTC2, and (d) days in a pair belong to two differ-
ent classes in CTC1 and to two different classes in CTC2.

The original Rand index (Rand, 1971) has been
adjusted to the following form by Hubert and
Arabie (1985):

<N> (a+d)=[(a+b)(a+c)+(c+d)(b+d)]
ARI= 2

2 (4)
(1;[) —[(a+b)(a+c)+(c+d)(b+d)]

a, b, c and d denote the respective numbers of pairs of
days for the four options outlined above; N is the overall
number of days. Equation (4) illustrates that the ARI uses
all members instead of class averages only and that it
does not compare classification results by measuring
CORR or DIST, hence it does not depend on the same
similarity measures as the CTC methods themselves. In a
comparison of several classification comparison mea-
sures, Steinley (2004) mentions that the ARI is the most
appropriate for this task. Philipp et al. (2016) point out

the robustness of the ARI in terms of different numbers
of classes.

Starting from simulated classifications with perfect
agreement (ARI = 1), Steinley (2004) used Monte Carlo
simulations to estimate heuristics for determining the
quality of agreement, where for example, two classifica-
tions with an ARI > 0.90 have ‘excellent’ correspondence,
while the correspondence is ‘poor’ when ARI < 0.65.
However, in our real-world application, we find that such
high ARI values are not practically achieved despite seeing
obvious improvements in agreement between different
CTCs. At the same time, we find that the visual improve-
ments in agreement between CTCs are accompanied by
increases in ARI values. We therefore focus on relative
ARI values, enabling comparison between different
approaches and methods in our specific application.

2.3.2 |
variables

Partitioning of dependent

A wide range of metrics exist that aim at quantifying the
CTC skill in partitioning other dependent variables like
temperature, precipitation or wind. The metrics mostly
describe how the variability of members within one class
and the separability of class averages relate to each other.
If the within-class variability is small and class separability
large for a dependent variable, the CTC is considered to
have some discriminatory power regarding this variable.

The first metrics used in this study is the explained
variation (EV) which quantifies the fraction of variance
of the dependent variable that can be accounted for by
group membership (Buishand and Brandsma, 1997; Beck
and Philipp, 2010; Casado et al., 2010; Broderick and
Fealy, 2015):

WSS
EV=1-—2
v TSS ()

WSS denotes the within-class sum of squares and TSS
refers to the total sum of squares:

WSS = XK:i =) (6)

j=1i=1

where y;; denotes a member of class j and y; its class aver-
age, K denotes the number of classes and n; the respective
number of members in each of them;

TS5=3 " (-3 )
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where m is the total number of days, y; is a single day
and y the overall mean.

We analyse EV for daily means of 2-m temperature
(T), difference in 2-m temperature between two consecu-
tive days (Tdiff), precipitation (PR) and wind speed at
850 hPa (U850). EV is computed separately at each grid
point and then averaged over the whole domain. EV
values range from 0 to 1, with higher values denoting
higher discriminatory power regarding the considered
variable.

CTC methods are often aimed at efficiently stratifying
precipitation to understand the relationship between the
large-scale circulation and the regional or local impact of
precipitation events. Evaluating EV for precipitation
focuses on one aspect of the two-folded nature of precipi-
tation, that is, its intensity. An effective CTC in terms of
precipitation should also address the other aspect, which
is the occurrence or absence of precipitation. This capa-
bility can be measured by the SD of occurrence (SD-Occ;
e.g., Tveito (2010); Broderick and Fealy (2015)):

p; refers to the relative frequency of wet days in one class,
with K being the number of classes, and p the frequency
of wet days for the full time series. To compute SD-Occ,
the time series of precipitation intensities are translated
into binary (0, 1) series using the threshold of
1 mm-day_l, with 1 and 0 denoting the occurrence of a
wet and dry day, respectively. Higher SD-Occ values indi-
cate a better distinction between the occurrence or
absence of precipitation.

Clul 1116 members

of Climatology

We use SD-Occ to also analyse how a CTC distin-
guishes between the occurrence and absence of extremes
of certain variables. The time series of PR, maximum and
minimum T and U850 are translated into binary
sequences with 1 and 0 denoting, respectively, the occur-
rence and absence of an extreme of the associated vari-
able. The extremes for the different variables are defined
at each grid point as follows: extreme precipitation
(xtrmPR) and extreme wind speed (xtrmU850) are
exceedances of the local 95th percentiles, extreme maxi-
mum temperatures (xtrmTmax) are daily maximum tem-
peratures above the local 90th percentile and extreme
minimum temperatures (xtrmTmin) are daily minimum
temperatures below the local 10th percentile.

Unlike EV, SD-Occ depends on the number of mem-
bers per class (see Appendix). To account for this poten-
tial constraint, we compare the SD-Occ results to EV
applied to the same ‘binarized’ time series as used for
SD-Occ (referred to as EV-bin).

3 | RESULTS
3.1 | Circulation types from GWT and
SANDRA

Figures 2 to 6 depict the averages of 10 classes that result
from the GWT and SANDRA classifications using differ-
ently processed input data. The classes are sorted by the
number of members, with Class #1 being the largest.

As defined by the method's fundamental ideas, the
10 GWT (Figure 2) classes represent the eight main wind
directions together with a cyclonic (Class #8) and an anti-
cyclonic (Class #7) field. The dominant (Class #1) large-
scale pattern over the Scandinavian domain is a westerly

Clu2 784 member§

Clu3 426 members ]

Clud 414 member;

Clu5 326 memberrsw

24

FIGURE 2

15°E 20°E

10°E

SLP (contours; interval is 4 hPa) and precipitation (colours; interval is 2 mm) for 10 class averages generated using daily DJF

SLP data and the Grosswettertypes classification (GWT) [Colour figure can be viewed at wileyonlinelibrary.com]
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FIGURE 3  As Figure 2, except using the SANDRA classification (SANDRAbase) [Colour figure can be viewed at
wileyonlinelibrary.com]
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FIGURE 4 As Figure 3, except using standardized data (SANDRAsstand) [Colour figure can be viewed at wileyonlinelibrary.com]
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flow which coincides with a precipitation maximum
along the Norwegian coast. Southwesterly (Class #2),
southerly (Class #3) and southeasterly (Class #4) circula-
tion types follow in the number of days, while least days
are attributed to a northeasterly flow (Class #10).

The 10 circulation types from the SANDRAbase CTC
build a rather different set (Figure 3). Several class aver-
ages are similar to each other, for example, showing the
westerly flow in Classes #4, #5 and partly #6 and #8,
although the magnitudes and pressure gradients differ
remarkably between these. In addition, the patterns of
Classes #1 and #3 are similar and are characterized by
weak gradients, with the main difference being the SLP
spatial mean. Furthermore, Classes #2, #7 and #9 are
notably alike, except for a phase shift and different SLP
spatial means. SANDRAbase uses the original data which
contains information about the spatial mean. As a result,
the same spatial patterns with different spatial means can
be distributed over several classes, as has just been illus-
trated. This equally implies that very different spatial pat-
terns can be grouped together if they have similar spatial
means, as illustrated in Figure 7. Although the
SANDRAbase Class #1 is characterized by a generally
northeastward SLP gradient, there is a substantial num-
ber of fields assigned to this class that show the exact
opposite gradient (Figure 7a). Such examples appear in
other classes as well. These members are characterized
by having low CORR with their class averages, which
indicates low visual and hence arguably also physical cor-
respondence (cf. Figure 1). Members that have large DIST
to their class averages, however, can still have high visual
correspondence (Figure 7b). Although outliers can be
expected in every data set, having a considerable number
of fields with opposite gradients grouped together
(cf. Figure 7e) might not be considered as physically
appropriate in the majority of applications.

While the SANDRAbase classes are more similar
among themselves than they are in general to the GWT
classes, the 10 SANDRAsstand class averages (Figure 4)
show a very strong similarity to those of the predefined
method GWT. Almost all of the circulation types from
GWT have a counterpart in SANDRAsstand, either
corresponding even in the class numbers (Classes #1, #4,
#8 and #10), or having different relative numbers of class
members and hence different class numbers (e.g., GWT
Class #7 corresponds to SANDRAsstand Class #9). By stan-
dardizing the input SLP fields the fully automated CTC
method SANDRA produces circulation types that strongly
resemble the GWT circulation types. This is a noteworthy
result, remembering that GWT is based on subjectively
predefined types from the experience of researchers. Con-
ceptually, the standardized data contains only the informa-
tion about the spatial pattern. Consequently, the DIST
measure in SANDRAsstand quantifies only the distance,
that is, similarity, between spatial patterns. The CORR sim-
ilarity measure (used in GWT) always quantifies the simi-
larity between spatial patterns, thus explaining the
consistency between GWT and SANDRAsstand. An addi-
tional consequence of SANDRAsstand focusing on spatial
patterns rather than spatial means is that even the most
distant class members in terms of CORR and DIST show
obvious correspondence to their class averages (Figure 7c,
d) and that the overall physical consistency between class
members is high (Figure 7e). This physical consistency is
likely desired in many CTC applications and can hence be
counted as an advantage of SANDRAsstand compared with
SANDRAbase.

The class averages from SANDRAsanom (Figure 5)
show some resemblance to the class averages from GWT,
but the similarities are not as large as between GWT and
SANDRAsstand. This is not surprising, recalling that the
sanom data retains the information about the overall
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gradient magnitude, which affects the final classification.
From Figure 7e we see that there are considerably less
members with low CORR to their respective class averages
compared with SANDRAbase, indicating higher physical
consistency within the SANDRAsanom classes. Of all the
class averages shown in Figures 2 to 6, Class #10 of
SANDRAsanom shows the largest precipitation amounts.
This suggests that SANDRAsanom partitions the precipita-
tion best, which will be further analysed in Section 3.3.
The SANDRAtanom class averages (Figure 6) have
high correspondence to the class averages from
SANDRADbase. Like for SANDRADbase, several class aver-
ages show similar patterns with varying spatial means,
for example, a westerly flow in Classes #2, #6, #7 and #9.
These westerly flow fields have their direct counterparts
in SANDRADbase Classes #4, #5, #6 and #8. The similarity
between SANDRAtanom and SANDRAbase also mani-
fests in the distribution of CORR between class members

f
|
!

0.

and averages (Figure 7e). A comparatively high number
of members have low CORR to their class averages,
which is not surprising given that the tanom data still
contain information about the spatial mean. Consistent
with its similarity to SANDRAbase, SANDRAtanom
shows generally only minor correspondence to GWT,
SANDRAsstand and SANDRAsanom. The correspon-
dence of SANDRAtanom and SANDRAbase circulation
types becomes lower for shorter time series where the
amplitude of the climatological seasonal cycle that is
removed is larger and when year-round instead of single-
season daily data are used as CTC input (not shown).

3.2 | Correspondence to other methods

The previous section indicated a noteworthy similarity in
circulation types between the GWT method, representing
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FIGURE 8 Adjusted Rand index (ARI) for CTC comparison
(larger values indicate stronger similarity). Upper left half shows
the ARI for 10 classes, lower right half for 26 classes. Five groups of
CTCs, each including five CTC methods, are compared (from left to
right in the abscissa and bottom to top in the ordinate, separated by
thick black lines): (a) CORR-based methods using base data,

(b) DIST-based methods using base data, (c) DIST-based methods
using sstand data, (d) DIST-based methods using sanom data and
(e) DIST-based methods using tanom data. The numbers indicate
the averaged ARIs for the respective group comparisons [Colour
figure can be viewed at wileyonlinelibrary.com]

the group of CORR-based CTC methods that use
predefined circulation types, and the SANDRAsstand
method, representing the group of DIST-based auto-
mated methods using spatially standardized input
fields. The next step is to quantify this similarity and
analyse whether it also holds for other CTC methods.
To accomplish that, we apply several DIST-based CTC
methods to the four different types of SLP input data
(base, sstand, sanom, tanom), and also several CORR-
based CTC methods to the base SLP data. The results
are compared between all the CTCs using the ARI and
presented in a similar matrix as in Philipp et al. (2016)
(their figure 4). Figure 8 shows the matrix, with the
CTCs grouped based on the method's similarity mea-
sure (DIST or CORR) and the used type of input data.
This results in five groups of CTCs: (a) CORR-based
methods using base data, (b) DIST-based methods
using base data, (c) DIST-based methods using sstand
data, (d) DIST-based methods using sanom data and
(e) DIST-based methods using tanom data. In order to
show the robustness of the results, we compare the
ARI for 10 and 26 classes, shown in the upper left and
lower right triangle of the matrix, respectively.

of Climatology

As clearly seen in Figure 8, ARI is considerably
higher for certain combinations of the five groups. The
highest ARI is found within the groups, suggesting that
the specific combination of similarity measure and data
type determines the CTC result to a large extent. Further,
CORR-based methods (Group 1) and DIST-based
methods using sstand data (Group 3) have stronger simi-
larity, indicating that the similarity detected between
GWT and SANDRAsstand in the previous section is a
general characteristic of these groups. This generality is
consistent with the theoretical relationship between DIST
applied to sstand data and CORR (Equation (3)). When
comparing to CORR-based methods (Group 1), the ARI
group averages in the DIST-based methods increase by a
factor of 3 when using sstand data (Group 3) rather than
base data (Group 2) in the case of 26 classes, and even by
a factor of 4 in the case of 10 classes.

Figure 8 further confirms the similarity, albeit some-
what weaker, between CORR-based methods (Group 1)
and DIST-based methods using sanom data (Group 4), as
well as between DIST-based methods using sstand
(Group 3) and sanom (Group 4) data. This is in accor-
dance with the similarity noticed in the previous
section between SANDRAsanom on the one hand and
GWT and SANDRAsstand on the other hand. Addition-
ally notable is the correspondence between CTCs using
base data (Group 2) and tanom data (Group 5). As stated
in the previous section when comparing SANDRAtanom
to SANDRADbase, this general correspondence becomes
lower for shorter time series or when using year-round
data (not shown).

The KMN and KMD methods allow the user to
choose CORR or DIST as the similarity measure (see Sec-
tion 2.2). Comparing the circulation types that result
from using CORR and DIST gives very low ARI values of
around 0.1. Obtaining completely different circulation
types from the same CTC method illustrates again the
importance of the similarity measure in the process of
assigning days to a circulation type. The ARI for KMD
using CORR compared with KMD using DIST increases
to 0.75 for 10 and 0.57 for 26 classes when sstand data
are used.

Philipp et al. (2016) noted an ‘unexpected low corre-
spondence’ between CTC methods in general, even
between those methods that can be considered as ‘closely
related’ like different optimization methods. Our results
show that considerably higher correspondence between
different methods can be obtained when sstand input
data is used in DIST-based methods. The only exception
which also considerably reduces the group averages of
ARI is the Kirchhofer classification method (KIR). KIR
consistently shows no similarity to any other method,
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independent of the type of input data or the CTC similar-
ity measure. Detecting the reasons for this exceptional
behaviour is, however, beyond the scope of this paper.

3.3 | Skill in data partitioning

As mentioned before, the performance of CTCs can be
examined with respect to partitioning of dependent
variables. Among these variables are surface tempera-
ture and precipitation, which are often the focus of
interest with CTC applications because of their poten-
tial societal or economic impact, especially during their
extreme occurrences (Dixon and Mote, 2003; Yiou
et al., 2008; Broderick and Fealy, 2015; Kingston
et al., 2015; Cahynova and Huth, 2016; Li et al., 2016;
Vallorani et al., 2018). For EV, we add to the com-
monly analysed variables U850 and Tdiff, the tempera-
ture difference between two consecutive days. Tdiff
eliminates longer-scale temperature characteristics like
its latitudinal dependency or soil and ocean thermal
memory that are not immediately affected by circula-
tion types. At the same time, Tdiff captures the same
short-term variability as the circulation types based on
daily data and as such is expected to better correspond
to the daily changes in circulation patterns. Since a
general correspondence between methods within the
CTC groups was demonstrated in the previous section,
we continue using SANDRA with the different types of
input data and GWT as representatives of their respec-
tive groups.

Different dependent variables have different connec-
tions to the larger-scale circulation and as a result the
respective values of EV and SD-Occ can vary strongly
between them. However, our focus is not on the strength
of these connections but rather on the relative perfor-
mance of CTCs. Therefore, EV and SD-Occ values of
SANDRAbase are used as the reference that all other
CTC methods are compared with.

The relative performance of different CTCs is quite
robust for different numbers of classes (not shown, but
was suggested by Figure 8). However, in order to
account for potential smaller dependencies of EV and
SD-Occ on the number of classes, we perform all calcu-
lations using 8, 10, 11, 16, 18, 19, 24 and 26 classes
(as allowed by GWT), and present the final results as
the median of these values. In summary, the final mea-
sures of EV and SD-Occ presented below follow the
equation:

Xcre
Xrel ==

-1 9
Xref ( )

where X, refers to the EV or SD-Occ of SANDRAbase,
Xcre to the EV or SD-Occ of one of the other CTCs, and
the bar denotes that medians of the respective values are
used. Hence, a value of X,,; = 0.5 means that the EV or
SD-Occ of SANDRADbDase is exceeded by 50%.

Figure 9 a shows the EV of GWT, SANDRAsstand,
SANDRAsanom and SANDRAtanom relative to
SANDRAbase. SANDRAsanom shows the highest dis-
criminatory power for all the variables considered here.
For T and PR, SANDRAsanom is the only method that
performs better than SANDRAbase. However, all
methods lie quite close together and maximum relative
EV differences reach 10% for GWT (undershooting
SANDRAbase for T) and SANDRAsanom (exceeding
SANDRADbase for PR). For Tdiff and U850, three methods
exceed SANDRAbase by more than 20%, namely
SANDRAsanom, SANDRAsstand and GWT, with
SANDRAsanom exceeding by almost 60% for Tdiff and
50% for U850. SANDRAtanom shows the most similar
performance to SANDRAbase for all variables, which is
consistent with the ‘tanom’ group of methods showing
the highest similarity with the ‘base’ group of methods in
terms of the classification itself.

Remembering the physical interpretation of the dif-
ferent types of input data, the current results show the
importance of the different physical components of
the SLP field. The base (unprocessed) input data includes
the entire SLP field information, including the spatial
mean which is deemed generally irrelevant for circula-
tion and as such obfuscates the CTC performance.
Removing the spatial mean in sanom still retains all the
circulation-related information and hence focuses the
CTC procedure to only use the relevant information. The
consistently better EV performance of SANDRAsanom
compared with SANDRADbase is a clear indication of the
importance of using the optimal information content in
the input data. Further reduction of information such as
in the typical standardization (sstand), which addition-
ally divides by the spatial SD, removes an important
aspect of the circulation, which is its overall gradient
magnitude. Even though such a clustering approaches
the subjective (and hence physically meaningful) classifi-
cation GWT, as well as the other CORR-based CTCs, the
gradient magnitude seems to play an important role.
The mixed EV performance of SANDRAsstand relative to
SANDRAbase indicates that in the tradeoff between the
lack of the gradient magnitude (sstand) and the obstruc-
tive presence of the spatial mean (base) there is no clear
benefit in either of the two approaches for all the depen-
dent variables. This could explain why previous studies
did not detect methods that clearly outperformed the
others, because choosing a different dependent variable,
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Classification performance of GWT and SANDRA using different input data types for various dependent variables assessed

with three evaluation measures relative to SANDRAbase. (a) Explained variation (EV) for temperature (T), temperature difference between
consecutive days (Tdiff), precipitation (PR) and wind (U850); (b) SD of occurrence (SD-Occ; grey) and ‘binarized’ explained variation (EV-
bin; black) of wet/dry day frequency (PR) and frequency of extremes in precipitation (xtrmPR), daily maximum and minimum temperature

(xtrmTmax and xtrmTmin) and wind (xtrmU850)

or arguably a different region, could easily lead to a dif-
ferent conclusion. Consistent with their similarity, GWT
performs in a similar way to SANDRAsstand except that
it generally has lower scores. This could be partly
explained by GWT using the predefined types designed
for central Europe in the northern domain, while
SANDRAsstand being data adaptive and hence optimiz-
ing the performance for any given data set or domain.
Finally, using the temporal anomaly input data results in
very small changes compared with the unprocessed data.
This is because only one season is considered in this
study and the influence on the CTC results are larger for
year-round input data (not shown; see short discussion in
Summary and Conclusions).

Figure 9 b shows SD-Occ and EV-bin of GWT,
SANDRAsstand, SANDRAsanom and SANDRAtanom
relative to SANDRAbase. Again it is SANDRAsanom that
generally shows the highest discriminatory power for the
occurrence or absence of the considered variables except
for xtrmTmin. SD-Occ and EV-bin agree about the order
of methods for xtrmPR, xtrmTmax and xtrmU850: The
GWT and SANDRAsstand classifications, which empha-
size the spatial pattern of the large-scale circulation, per-
form consistently worse than SANDRAbase. Noting that
it is only the SANDRAsanom classification that performs
better than SANDRAbase, we can conclude that having
combined information about the spatial pattern and gra-
dient magnitude is key for explaining variation in PR,
Tmax and U850 extremes. Having additional information
about the spatial mean as included in SANDRAbase,
however, seems to be counterproductive for this purpose.
For PR and xtrmTmin, SD-Occ and EV-bin do not show

the same level of consistency; however, the overall differ-
ences between the various methods are generally very
small. Like for EV (Figure 9), the performance of SAN-
DRAtanom is generally very similar to the performance
of SANDRAbase, which is not surprising given the identi-
fied similarities of the sets of classes.

4 | SUMMARY AND
CONCLUSIONS

Motivated by the discrepancies in results between
established CTC methods, this study investigates three
questions: (a) Can the discrepancies be reduced by differ-
ent kinds of input data manipulation? (b) Can a specific
manipulation of the atmospheric circulation input data
be related to its physical effects and consequently enable
a customization of CTC outcomes? (c) How do the differ-
ent CTC methods and atmospheric circulation input data
types partition dependent variables and is there a single
recommendation for optimal CTC performance? The
analysis is based on historical 45 years of daily mean win-
ter SLP fields (i.e., atmospheric circulation patterns) over
a Scandinavian domain from a member of the EC-Earth3
large ensemble.

We show that CTC methods that use the same simi-
larity measure (DIST or CORR) in the classification pro-
cedure generally agree better with each other. By
spatially standardizing the input data, DIST and CORR
become related and consistency is achieved between
DIST- and CORR-based methods. Therefore, the answer
to the first question is yes.
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To answer the second and third question, the conse-
quences of using four different types of SLP input data
were analysed: original unprocessed data, spatially stan-
dardized data, data with the spatial mean removed
(which is one step of spatial standardization) and tempo-
ral anomalies from the data long-term mean. Comparison
of CTC results from different combinations of methods
and input data types reveals the following:

« Using unprocessed data in DIST-based methods can
affect the CTC performance negatively. This is because it
includes the spatial mean which is not relevant for circu-
lation but strongly affects the minimization of DIST. It
results in classes that can contain visually and physically
very dissimilar members, and has mediocre skill in par-
titioning dependent variables. It could, however, be use-
ful in applications where the mean SLP is important,
such as for sea level studies (Sheridan et al., 2019).

« Using CORR-based methods or spatially standardized
data in DIST-based methods results in classes con-
taining visually and physically highly consistent mem-
bers, which is a big advantage of these approaches.
Another advantage is that outcomes from different
CTCs become similar to each other, as explained
above. However, it does not bring general benefits in
terms of partitioning performance for dependent vari-
ables. This can be explained by the standardization
removing an important aspect of circulation, the over-
all gradient magnitude, which has different effects on
different dependent variables.

« Using the spatial-mean-removed data in DIST-based
methods yields the best results in terms of all aspects
of CTC performance: It to a large extent keeps the
physical consistency as in the CORR-based and stan-
dardized DIST-based approaches, and at the same time
the explained variation of dependent variables like
temperature, precipitation, wind and their respective
extremes is highest. In this procedure, a CTC method
uses only relevant circulation-related information
about the spatial pattern and the gradient magnitude,
without any extra information that could obfuscate its
performance. Combining the points above, it could be
loosely stated that this approach takes ‘the best of both
worlds’: the physical consistency from the CORR-
based and standardized DIST-based approaches, and
the complete circulation information from the original
DIST-based approaches that is relevant for certain
dependent variables and extremes.

« Using temporal anomalies leads to only minor changes
compared with the unprocessed data when daily data
from one season only is used, both in terms of circula-
tion types and partitioning performance. As discussed
below, this does not apply to year-round data.

While not shown in this paper, we have tested the
robustness of the results for other regions, seasons, model
simulations and a different input variable, as well as for
year-round instead of single-season daily data. Very simi-
lar results are obtained for all other seasons, the other
input variable (850 hPa geopotential height) and different
EC-Earth3 ensemble members. Using the spatial-mean-
removed data outperforms other approaches in various
other tested regions, including the whole of Europe, the
Mediterranean and Central Canada. For a limited Central
European domain, using the spatial-mean-removed data
did not outperform the unprocessed data in partitioning
of precipitation due to a strong signal in the mountains.
Investigation of this effect is ongoing and is beyond the
scope of this paper.

Using year-round instead of single-season daily data
for CTC can result in a predominantly seasonal or
monthly separation of circulation types. This might be
desired for certain applications that involve, for example,
partitioning of temperature or re-defining of the seasons
(e.g., Alpert et al., 2004), but undesired for others that
depend on the dynamics and thermodynamics of each
circulation pattern, such as partitioning of precipitation
and its extremes. Our tests based on year-round data sug-
gest that the degree to which individual SLP classes rep-
resent individual months or seasons depends largely on
the amplitude and variability of the annual cycle of SLP
spatial means. The unprocessed data keeps both the
amplitude and variability of the annual cycle, and conse-
quently larger differences between SLP spatial means
lead to a better distinction of individual months. Tempo-
ral anomalies lack the amplitude but keep the variability
of the annual cycle and as a result winter and summer
are generally separated into individual clusters but indi-
vidual months are not distinguished. Spatial-mean-
removal or standardizing the data removes the annual
cycle and hence gives lower importance to seasons and
higher importance to individual circulation patterns.

Like for single-season data, the spatial-mean-removal
approach also outperforms other approaches in par-
titioning of precipitation, wind and their respective
extremes when year-round daily data were used. For the
partitioning of temperature and its extremes, preliminary
results differ between different regions (e.g., the best per-
formance is obtained for temporal anomaly data in the
Scandinavian domain and for the unprocessed data in the
Mediterranean domain). A reason for this appears to be
that CTC methods to a certain extent separate year-round
data according to seasons as outlined above, which may
differ between regions. The possible effect of this seasonal
separation on the partitioning of temperature would be
consistent with the comparatively large temperature sea-
sonal cycle. Further investigation of this is ongoing.
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In summary, physical considerations and the evalua-
tion of the partitioning skill of the different CTC
approaches suggest that using the spatial-mean-removed
data in DIST-based methods is an optimal solution for
the majority of applications. Subtracting the spatial mean
is a very simple yet effective procedure that results in
physically meaningful and well-partitioned classes.
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APPENDIX: SD-OCC DEPENDENCE ON THE
NUMBER OF MEMBERS PER CLASS

To simply illustrate why SD-Occ depends on the numbers
of members per class while EV does not, we can use a
time series of 1's and 0's (representing, e.g., the occur-
rence of wet and dry days at a single point, respectively).
In a perfect classification with two classes, all the mem-
bers equal to 1 would be assigned to one class, and all the
members equal to 0 to the other class. For EV
(Equation (5)), both WSS’ will be equal to 0 in this case,
hence the perfect classification will be recognized cor-
rectly as EV = 1. For SD-Occ (Equation (8)), the single
pj's will be equal to 1 in the class containing all the 1's
(all members are wet days, so the wet day frequency in
this class is one) and 0 for the class with all the 0's (there
are no wet days in this class). But p in Equation (8), the
frequency of the event occurrence for the full time series,
depends on the relative occurrences of 1's and 0's and will
increase with the relative number of 1's in the time series.
The relative occurrences of 1's and 0's manifest as the
numbers of members in the two perfect classes, and can
hence affect the final SD-Occ value. So when class sizes
differ a lot from each other, SD-Occ becomes larger com-
pared with a more uniform distribution of members over
the classes, and even with perfect clustering, it can have
quite different values. In reality, this effect will probably
be small in most cases.



